[1] It is well known that the slowly varying oceanic processes provide the primary source for East Asian summer monsoon (EASM) predictability. However, the memory inherent in the land surface state is less well understood or applied toward the EASM prediction. Here we investigate the role of antecedent vegetation conditions over East Asia for the EASM variation and prediction using March, April, May, and spring mean satellite-sensed Normalized Difference Vegetation Index (NDVI) for the period of . Results show that May vegetation greenness on the southeastern Tibetan Plateau (TP) is most closely linked to the EASM, accounting for about half of the total EASM variance. May vegetation greenness on the southeastern TP has significant and positive correlations with summer rainfall over the southeastern TP, East Asian summer subtropical frontal region, and many areas of northern China. We further discuss the possible physical mechanism explaining our findings. It is proposed that increased TP vegetation greenness enhances surface thermal effects, which subsequently warm atmospheric temperature, as well as strengthen ascending motion, convergence at the lower layers and divergence at the higher layers, and summer monsoon circulation. Finally, a linear regression model is developed to predict the EASM strength by combination of El Niño-Southern Oscillation (ENSO) and the vegetation greenness. Hindcast for the period shows that the use of the southeastern TP vegetation information can highly improve the EASM prediction skill compared to that using ENSO alone.
Introduction
[2] The unique land-sea contrast and large-scale topography of the Tibetan Plateau produce the noted East Asian monsoon. During summer, the unusual behaviors of the East Asian monsoon may lead to occurrence of extensive drought/ flood disasters in East Asia, which can cause serious consequences on the natural environment and the human society [e.g., Tao and Chen, 1987; Ding, 1992; Lau and Weng, 2001; Huang et al., 2003] . Therefore, the accurate prediction of the East Asian summer monsoon (EASM) is of great importance to sustainable development of East Asia. During the past 2 decades, many models and methods have been proposed to predict the EASM from the ocean forcing predictors such as El Niño-Southern Oscillation (ENSO) [e.g., Cane et al., 1986; Chang, 2004; Wang et al., 2005; Wu et al., 2009] , because the ocean is generally recognized to change slowly and have enormous heat content with a long climate memory. However, in some regions when the ENSO forcing is weak, such as the continental region during summer season, the models and methods show little skill [e.g., Wang et al., 2009a] . Therefore, it is urgent to look for other potential sources to improve the EASM prediction skill.
[3] In addition to the ocean, land surface can also provide a critical memory function in the climate system at the monthly and longer time scales [Shukla and Mintz, 1982; Yeh et al., 1984; Koster and Suarez, 1995; Zhang et al., 2003a Zhang et al., , 2008 Wu and Dickinson, 2004; Liu et al., 2006] . It has been suggested to be an important factor in the modulation of the monsoon circulation, and therefore offers the potential for improving the EASM prediction [e.g., Webster, 1987; Shukla, 1998 ]. Vegetation, as a crucial parameter of the land surface, can influence climate on the local and regional to global scales through exchanges of energy, moisture and momentum between the land surface and the overlying atmosphere and resulted changes in regional and global atmospheric circulations [Pielke et al., 1998; Pielke, 2001] . Significant interactions between vegetation and the monsoons have previously been recognized [e.g., Kutzbach et al., 1996; Xue et al., 2004; Castro et al., 2009] . Our current understanding of how the vegetation affects the EASM and also the monsoons over other regions mainly comes from atmospheric models and numerical parameterization of Earth's land surface [Bonan, 2008] . For example, Xue et al. [2004] demonstrated that vegetation processes are among the most important mechanisms governing the EASM development, affecting its intensity, the spatial distribution of precipitation, and associated circulation at the continental scale. A recent GCM study estimated that vegetation interactions contribute to about 40% of the observed precipitation over the land, with the strongest effects in the monsoon regions including the EASM region [Xue et al., 2010] . Numerical experiments also showed that human-induced land use and land cover changes in East Asia have brought significant influence on the EASM [e.g., Xue, 1996; Fu, 2003; Gao et al., 2003; Cui et al., 2006; Takata et al., 2009] . In the early 2000s, Zhang et al. [2003a Zhang et al. [ , 2003b and Kaufmann et al. [2003] inferred vegetation effects on precipitation and/or temperature from observational records over China and the United States, respectively. Since then many researchers have made efforts to explore the role of vegetation in influencing surface climate using longterm satellite-sensed vegetation index and observational climate data [e.g., Liu et al., 2006; Notaro et al., 2006; Los et al., 2006; Wang et al., 2006; Hua et al., 2008] . However, the role of vegetation in influencing the EASM is less well understood from the observations, and vegetation memory is less taken account into the prediction of the EASM.
[4] The objective of the study is to investigate the role of vegetation greenness for the EASM variation and prediction using satellite-sensed Normalized Difference Vegetation Index (NDVI) for the period of 1982-2006. We find that May NDVI on the southeastern Tibetan Plateau (TP) can account for 48% of the total EASM variance. We further discuss the possible physical mechanism to explain the finding, and finally apply May NDVI on the southeastern TP to improve the EASM prediction. This study significantly differs from our previous studies [Zhang et al., 2003a [Zhang et al., , 2003b , which investigated the relationships of summer mean precipitation and temperature to previous winter and present spring mean NDVI over China. This study is also significantly different with recent several studies [e.g., Wang et al., 2010; Zuo et al., 2010] , which used simultaneous correlations to investigate TP vegetation influences on China's rainfall. As pointed out by Liu et al. [2006] , it is better to use the lagged relationship but not the simultaneous one to infer the vegetation influence since the vegetation growths are largely determined by climate. In addition, the simultaneous relationships cannot offer the potential for improving the seasonal prediction.
[5] This paper is organized as follows. Following a brief description of data and method used in section 2, we examine the relationships of March, April, May, and spring mean vegetation greenness over East Asia to the EASM in section 3. We identify a close relationship of EASM with May vegetation greenness on the southeastern TP. We further discuss, in section 4, the possible physical mechanism explaining our findings. In section 5, an empirical model is established to predict the EASM by combination of ENSO and May vegetation greenness on the southeastern TP. Finally, conclusions are provided in section 6.
Data and Method
[6] NDVI is the difference between the Advanced Very High Resolution Radiometer (AVHRR) reflectance in nearinfrared and visible bands divided by the sum of these two bands. We use 8-km-resolution Global Inventory Modeling and Mapping Studies (GIMMS) satellite drift corrected and NOAA-16 incorporated NDVI data for the period of 1982-2006 [Pinzon et al., 2004; Tucker et al., 2005] . The data record contains two 15 day composites for each month, the first for day 1 to 15, and the second for day 16 to the end of the month. Corrections performed to this data set reduced NDVI variations arising from calibration, view geometry, volcanic aerosols, and other effects not related to actual vegetation change. We aggregate the semimonthly 8-kmresolution data into 1°× 1°grid cells. Then, the monthly data are produced by using the higher value between two semimonthly data sets for each month.
[7] The circulation parameters rather than precipitation are commonly used to quantify the EASM strength due to the complex spatial and temporal structure of rainfall, and also a preference of using large-scale wind to define the broad-scale monsoon [Wang et al., 2008b] . The EASM Index (EASMI) used in this study is a shear vorticity index which is defined by the U850 averaged in (22.5°N-32.5°N, 110°E-140°E) minus U850 in (5°N-15°N, 90°E-130°E ), where U850 denotes the zonal wind at 850 hPa [Wang et al., 2008b] . The simple index is the Wang and Fan [1999] index with a reversed sign. Wang et al. [2008b] recommended the index for monitoring the EASM after comparing 25 existing EASM indices because it has the best performance in capturing the total variance of the precipitation and three-dimensional circulation over East Asia, and it is nearly identical to the leading principle component of the EASM. The index physically reflects the variations in both the western North Pacific monsoon trough and subtropical high, which are the two key elements of the EASM circulation system [Tao and Chen, 1987; Wang et al., 2008b] . It is closely associated with the leading EOF mode of the interannual variations in summer precipitation over East Asia (20°N-50°N, 100°E-180°E) with a high correlation coefficient of 0.71 for the period of 1979-2004 [Lee et al., 2005] . In the meanwhile, the EASMI, like any other index, has its potential limitations that should be recognized [Wang et al., 2008b] . The EASMI is calculated using Juneto-August mean zonal wind data from National Centers for Environmental Prediction (NCEP)-U.S. Department of Energy (DOE) Reanalysis II [Kanamitsu et al., 2002] . The NCEP-DOE Reanalysis II data are also used to explore the possible physical mechanism explaining the close relationship between May vegetation greenness on the southeastern TP and the EASM.
[8] The monthly precipitation is obtained from the Climate Prediction Center (CPC) Merged Analysis of Precipitation (CMAP) data set for the same period at a 2.5°× 2.5°reso-lution [Xie and Arkin, 1997] . It is derived from rain gauge observations, satellite estimates, and National Centers for Environmental Prediction-National Center for Atmospheric Research (NCEP-NCAR) reanalysis.
3. May Vegetation Greenness on the Southeastern TP and the EASM [9] Figure 1a presents composite difference of summer 850 hPa horizontal wind vector between the five highest and five lowest EASMI years. Strong EASM tends to result in enhanced southwesterly anomalies on the northwestern flank of the strengthened anticyclonic circulation over the western North Pacific and enhanced easterly anomalies over the tropical region. The EASMI is significantly and positively correlated with summer precipitation at many grid cells along a southwest-northeast oriented rain belt extending from the mid-lower reach of the Yangtze River valley across South Korea to eastern Japan, which is primarily along the East Asian subtropical front (called Meiyu in Chinese, Changma in Korean, and Baiu in Japanese). In addition, it exhibits significant and negative correlations with western North Pacific summer monsoon rainfall ( Figure 1b) . The results agree well with previous studies [Wang et al., 2008b; Wu et al., 2009] .
[10] To investigate the relationship between the EASM and the spring vegetation greenness in East Asia, we calculate the correlation coefficients between the EASMI and March, April, May, and spring mean NDVI for the period 1982-2006, respectively. The results show that the EASMI has the strongest correlation with May NDVI on the southeastern TP ( Figure 2a ). We average May NDVI enclosed by the box (93°E-102°E, 29°N-34°N) (NDVI MSTP ) to represent May vegetation greenness on the southeastern TP. The southeastern TP is covered by evergreen broad-leaved forest, coniferous forest, shrub, and meadow [Zheng, 1996] , which can grow almost all the year around [Ding et al., 2007] . Compared to other areas of the TP, the annual mean albedo of the southeastern TP is low, with a value of 0.2-0.25 [Xu and Lin, 2002] . The 1982-2006 mean May NDVI averaged over the southeastern TP is 0.23, with values at almost all grid cells larger than 0.12 ( Figure 2b ). The NDVI is expressed on a scale from −1 to +1. While the NDVI values between −0.2 to 0.1 are for snow, inland water bodies, deserts and exposed soils, the values larger than 0.1 reflect the amounts of the green vegetation well [e.g., Tucker et al., 1986; Zhou et al., 2001] . This indicates that NDVI MSTP can represent variation of May vegetation greenness well particularly when regionaveraged NDVI is used to quantify the density of plant growth. Meanwhile, it needs to mention that the snow indeed exists in May on the southeastern TP, and thus can reduce the NDVI values to some degree (see Figure S1 ).
1 In addition, vegetation growth is largely affected by climatic factors such as soil moisture and soil temperature [e.g., Nemani et al., 2003 ]. Therefore, it should be kept in mind that the relationship between NDVI MSTP and the EASMI may actually reflect combined effects of vegetation, soil, and snow over the southeastern TP on the EASM. Figure 2c shows that the variation of the EASMI is consistent with that of NDVI MSTP . The correlation coefficient between them is 0.70, which is significant at the 99.9% confidence level by student's t test.
[11] Figure 3 shows correlation pattern of summer precipitation with NDVI MSTP . NDVI MSTP is significantly and positively correlated with summer precipitation over the southeastern TP, East Asian subtropical frontal region, and many areas of [Wang and Fan, 1999; Wang et al., 2008b] and is defined by the 850 hPa zonal wind difference averaged in the north box minus that in the south box. The precipitation and EASMI data are linearly detrended before the correlation coefficient is calculated. In Figure 1a , the values in the shaded areas are significant at the 90% t test confidence level. In Figure 1b , the grid cells passing the 90% and 95% confidence levels are marked by crosses and closed circles, respectively. northern China. In addition, significant negative correlations mainly appear over western North Pacific summer monsoon region. These results indicate that increased vegetation greenness on the southeastern TP tends to result in increased summer rainfall over the southeastern TP, East Asian summer subtropical frontal region, and many areas of northern China, and decreased summer rainfall over western North Pacific summer monsoon region, and vice versa.
Discussion of the Physical Mechanism
[12] The huge mechanical and thermal forcings of the TP that is a region of strong land-atmosphere interactions [e.g., Yanai and Wu, 2006; Xue et al., 2010] , exert profound influence on the climate over East Asia as well as over the globe [e.g., Ye and Gao, 1979] . Previous observational studies showed that increased vegetation greenness over southwestern China (including the southeastern TP) tends to reduce surface albedo, thus resulting in more energy absorption and the enhancement of the warming [e.g., Liu et al., 2006] . Hua et al. [2008] investigated the relationships of vegetation greenness to surface energy balance components and temperatures on the TP using the station data from the Sino-Japanese Cooperation Research Project on Asian Monsoon Mechanism, the GEWEX Asian Monsoon Experiment in the Tibetan Plateau (GAME/ Tibet) and the second Tibetan Plateau Meteorological Experiment (TIPEX). They found that increased vegetation greenness is accompanied by increased net shortwave radiation, net longwave radiation, sensible heat and latent heat, which may subsequently enhance ground and surface air temperatures. The enhancement of the warming by the vegetation also showed up in some other regions [e.g., Kaufmann et al., 2003; Notaro et al., 2006; Wang et al., 2006] . Meanwhile, some numerical studies demonstrated that deforestations at midlatitudes have cooled Northern Hemisphere climate through biogeophysical effects [e.g., Bonan, 1997; Brovkin et al., 1999 Brovkin et al., , 2006 Betts, 2001; Bounoua et al., 2002; Feddema et al., 2005; Davin and de Noblet-Ducoudre, 2010] .
[13] We examine the thermal effects of vegetation greenness on the southeastern TP using sensible and latent heat data from NCEP-DOE Reanalysis II (Figure 4) . The NCEP-DOE reanalysis data have been demonstrated to reasonably reflect seasonal and annual variations of surface heat fluxes on the TP when compared to the station data from the Sino-Japanese Cooperation Research Project on Asian Monsoon Mechanism, the GAME/Tibet, and the second TIPEX [Hua et al., 2008] . Variations of the NCEP-DOE reanalysis air temperature and radiation fluxes are also found to agree with those of observed data though the averaged temperature values were systematically lower than the observed ones due to the higher topography used in the reanalysis model [Wei and Li, 2003] . Figures 4a and 4b show composite differences of June-July mean surface latent and sensible heat fluxes between the 5 highest (1986, 1991, 1993, 1995, and 1998) and 5 lowest (1982, 1994, 2001, 2003, and 2004 ) years of NDVI MSTP . Increased May vegetation greenness on the southeastern TP tends to increase June-July latent and sensible heat fluxes by decreasing surface albedo and thus increasing the solar energy absorption. The increased surface heating subsequently results in increased surface air temperature with an average value of 1.8°C over the southeastern TP (Figure 4c ). In August, the thermal effects of the vegetation become weak (not shown). We estimate the vegetation memory using the method given by Notaro et al. [2006] which calculated decorrelation time based on lag-1-month autocorrelation [von Storch and Zwiers, 1999] . The estimated memory is slightly longer than 2 months, and this may account for the weak thermal effects of the vegetation in August. The composite difference of longitude-height section of air temperature along 32.5°N between the five highest and five lowest years of NDVI MSTP shows that positive temperature anomalies are significant at the 90% confidence level both at the surface and in the troposphere, with the magnitude of the order of 0.5°C-2°C (Figure 4d ). At the levels between 200 and 400 hPa, significant positive anomalies of air temperature extend eastward to around 130°E. The elevated heating on the TP mainly depends on sensible heating at surface layers, while the deep condensation heating becomes dominant at the higher layers [e.g., Wu et al., 2005; Duan and Wu, 2005] . Therefore, the increased atmospheric temperature may reflect combined effects of sensible heating and condensation heating. At the lower layers, the warming may be directly caused by increased sensible heating. This subsequently enhances vertical ascending motion, and makes more atmospheric moisture precipitate out and enhances condensation heating at the higher layers. The above analysis indicates that increased vegetation greenness on the southeastern TP tends to increase the temperature both at the surface and in the troposphere through its direct effect on surface sensible heating and indirect effect on condensation heating.
[14] Several previous studies have related surface sensible and latent heat fluxes to vegetation variations on the TP [e.g., Hua et al., 2008; Wang et al., 2010; Zuo et al., 2010] . Based on the analysis of the observations, Hua et al. [2008] found that the NDVI changes on both eastern and western TP have positive correlations with surface sensible heat and latent heat fluxes, which is consistent with our analysis. Using the reanalysis data, Wang et al. [2010] and Zuo et al. [2010] obtained different relationships between surface heating and vegetation during spring and summer, i.e., the enhancement of surface sensible heating by an increase in vegetation on the TP during spring, and an increase in summer vegetation accompanied by an decrease in the amount of summer sensible heat and latent heat around the southern TP. The negative effects of vegetation on surface heating found by Zuo et al. [2010] appear to be inconsistent with those from Hua et al. [2008] and this study.
[15] To test if our results depend on the choice of the sample number, we compute composite differences between the six highest and six lowest years of NDVI MSTP , and between the seven highest and seven lowest years in surface heat fluxes and also in circulation parameters. The results are generally consistent with the composite differences between the five highest and five lowest years. Therefore, in the following analyses, we only show and discuss the composite differences between the five highest and five lowest years. [16] The thermal forcing of the TP plays an important role in influencing summer atmospheric circulation over East Asia, as well as over the Northern Hemisphere [e.g., Ye and Gao, 1979; Tao and Chen, 1987; Wu et al., 1997; Zhao and Chen, 2001; Yanai and Wu, 2006; Liu et al., 2007; Wang et al., 2008a; Ma et al., 2009] . We subsequently look at changes in East Asian atmospheric circulation system associated with the thermal effects of the vegetation on the southeastern TP. Figure 5 shows composite differences of summer 100 and 850 hPa horizontal wind vector between the five highest and five lowest years of NDVI MSTP . With intensified South Asian high, increased vegetation greenness on the southeastern TP tends to enhance deep and strong anticyclonic circulation at the higher layers. At 850 hPa, corresponding to the high years of NDVI MSTP , an anomalous anticyclone is found over South China and the western North Pacific with the expanded western North Pacific subtropical high while an anomalous cyclone is observed in the northern part of East Asia and adjacent ocean. They together result in the increased southwesterlies along northwestern flank of the low-level anticyclonic circulation over the western North Pacific, which increase water vapor transport toward East Asian subtropical front. In addition, the anomalous cyclone leads to anomalous easterlies over Northeast China and anomalous northerlies over North China.
[17] In summer, the TP acts as a strong heat source, with the larger thermal effects in the lower layers. Duan and Wu [2005] found that according to the large-scale quasi-steady vorticity equation, airflows must converge at lower layers and diverge at higher layers on the east of the TP, and bring opposite conditions to its west. This subsequently causes ascending motion on the east and descending motion on the west. Corresponding to the high years of NDVI MSTP , significant anomalous ascending motion appears over the southeastern TP, East Asian summer subtropical frontal region, and many areas of northern China while significant anomalous descending motion is seen over the western North Pacific (Figure 6a ). The composite difference of the cross section of vertical motion along 30°N shows that increased vegetation greenness on the southeastern TP tends to enhance ascending motion on its east and descending motion on its west (Figure 6b) . Particularly, anomalous values on its east are significant at the 90% confidence level both at surface layers and in the whole troposphere. From the composite difference of the cross section of vertical motion along 95°E (Figure 6c ), significant negative anomalies on the southeastern TP are accompanied by positive anomalies on its southern and northern sides. These results indicate that increased vegetation greenness on the southeastern TP tends to enhance the ascending (descending) motion over the southeastern TP, East Asian subtropical frontal region, and many areas of northern China (over the western North Pacific).
[18] Composite differences of summer 200 hPa and 850 hPa divergences between the five highest and five lowest years of NDVI MSTP anomalies show that corresponding to the high years of NDVI MSTP , there are generally more divergence at the upper level and more convergence at the lower level over the southeastern TP, East Asian summer subtropical frontal region, and many areas of northern China (Figure 7 ). This suggests that greener vegetation on the southeastern TP is followed by more divergence at the upper level and more convergence at the lower level over these areas. Increased southeastern TP vegetation greenness tends to bring the ) between the five highest and five lowest years of detrended May NDVI on the southeastern Tibetan Plateau. The values in the shaded areas are significant at the 90% t test confidence level.
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opposite conditions to those mentioned above to the western North Pacific monsoon region.
[19] Oceanic processes and the snow may exert influences on both May vegetation greenness on the southeastern TP and the EASM, thus contributing to the close relationship between them. ENSO is the primary oceanic forcing factor that affects the EASM. We further calculate partial correlations of NDVI MSTP with the EASMI adjusted for previous winter (December-to-February) Niño3.4 index, spring (March-to-May) Niño3.4 index, and the Niño3.4 index difference between April-May and February-March (the former minus the latter). They are 0.65, 0.67, and 0.67, slightly smaller than the simple correlation coefficient of 0.70. This suggests that ENSO makes a limited contribution to the relation between NDVI MSTP and the EASM. In addition, other oceanic processes such as Indian Ocean sea surface temperature (SST) and North Atlantic oscillation (NAO) may also play a role, although they are less important to affect the EASM compared to ENSO [e.g., Yang et al., 2007; Xie et al., 2009; Wu et al., 2009] .
[20] The snow is another land surface factor that can affect the Asian monsoon system [e.g., Hahn and Shukla, 1976; Chen and Yan, 1979] . Some studies demonstrated that winter-spring Tibetan snow is positively related with summer rainfall over the mid-lower reach of the Yangtze River valley [e.g., Wu and Qian, 2003; Zhang et al., 2004] . However, the correlations between the winterspring Tibetan snow and summer rainfall over China are normally found to be relatively low or moderate in previous studies [e.g., Zhang et al., 2004] , and the physical connection between them is still unclear [Yanai and Wu, 2006] . Recent studies found that there is no significant relationship between the winter-spring Tibetan snow with the intensity of summer monsoon, which is in contradiction to previous studies [Wu and Kirtman, 2007; Xu and Li, 2010] . Ueda et al. [2003] demonstrated that surface air temperature anomalies produced during the snow disappearance period diminished in May, suggesting that the dynamical linkage between the snow and the monsoon is weak. In addition, the winter snow is found to enhance the vegetation growth during the growing seasons, but only can account for 14% or less of the variance of the vegetation [Peng et al., 2010] . We further investigate spatial distribution of May snow cover using MODIS snow cover fraction data for the period of 2000-2010 (see Figure S1 ). Snow cover fractions in May are generally smaller than 15% on the southeastern TP except for its southwestern part (29°N-31°N, 93°E-98°E). Snow cover fractions depend on the topography and location on the southeastern TP and also the other areas of the TP [Xu and Li, 2010] . For every individual year, spatial pattern of May snow cover is very similar. Therefore, the difference in spatial pattern of May snow cover averaged over the period of 2000-2010 and averaged over the study period should be small. The correlation coefficient of the EASMI with NDVI MSTP is 0.70 after removing these grid cells on the southwestern part of the southeastern TP. As mentioned in section 3, the NDVI values lower than 0.1 are for snow, inland water bodies, deserts and exposed soils. We also calculate the correlation coefficient between the EASMI and NDVI MSTP after only removing the two grid cells with the NDVI values lower than 0.12 (Figure 2b) , which is 0.69. The two correlation coefficients almost have no change compared to that calculated using all grid cells on the southeastern TP, suggesting that May snow plays a very limited role in influencing the relationship between NDVI MSTP and the EASMI. In summary, the above analyses suggest that the snow cannot contribute much to the correlation between NDVI MSTP and the EASMI.
Seasonal Prediction of the EASM
[21] With a high correlation of 0.70 with the EASMI, NDVI MSTP provides a useful predictor for the EASM, although the close relationship may include signals from the effects of oceanic processes and the snow. On the other hand, ENSO is previously recognized as a dominant predictor of the EASM [e.g., Fu and Teng, 1988; Huang and Wu, 1989; Weng et al., 1999; Wang et al., 2000] . Lee et al. [2008] took an where ENSOI denotes the Niño3.4 index difference between April-May and February-March (the former minus the latter). Previous studies have demonstrated that ENSO can affect the EASM not only on its decay phases but also on its development phases [e.g., Wang et al., 2009b] . The ENSO index used in this study quantitatively measures both ENSO decay and development. The correlation coefficients of the EASMI with ENSOI, previous winter (December-to-February) Niño3.4 index, and present spring (March-to-May) Niño3.4 index are 0.63, 0.58, and 0.35, respectively. These results suggest that the ENSO index we use can be as a better predictor than the Niño3.4 indexes in previous winter and present spring. The correlation between the simulation and the observation of the EASMI is 0.81, indicating that the empirical model can simulate the EASM variations quite well.
[22] To test the predictive capability of the empirical model, we utilize the cross-validation method to hindcast the EASMI. Cross-validation is a technique for estimating how accurately a predictive model will perform in practice [Stone, 1974; Efron and Tibshirani, 1993] . The data set is separated into two sets, called the training set and the testing set. In this study, we use fivefold cross-validation to estimate the EASMI. In the fivefold cross-validation, the data set is randomly divided into 5 subsets. Of the 5 subsets, a single subset is retained as the validation data for testing the model, and the remaining 4 subsets are used as the training data. The cross-validation process is then repeated 5 times, with each of 5 subsets used exactly once as the validation data. The reasons for using the fivefold cross-validation are twofold: (1) the hindcast period is 25 years, and the data can be equally divided into five subsets; (2) 5 years is 20% of the whole data, and it falls into the range which can efficiently avoid overfitting or wasting data [e.g., Blockeel and Struyf, 2002] . Prediction skill is measured in terms of the square of the correlation coefficient (r 2 ) between the observed time series of the EASMI and the corresponding cross-validation estimates. Figure 8 shows time series of the observed and hindcasted EASMI for the period of . When only ENSO is used in the empirical prediction model, the r 2 value is 0.33, indicating that ENSO accounts for 33% of the observed EASMI variance. If May NDVI on the southeastern TP is included in the empirical prediction model, the r 2 value increases to 0.58. This indicates that the use of May vegetation information on the southeastern TP does greatly improve the prediction skill of the empirical model. The empirical model is developed based on ENSO and NDVI MSTP . In addition to ENSO, other oceanic processes such as the Indian ocean SST and NAO can also affect the EASM. The inclusions of other oceanic forcing factors in the empirical model may add value to the prediction skill. The EASM and also the monsoons over other regions have experienced significant multiple-decadal reductions [Chase et al., 2003; Xu et al., 2006] , and the interannual relationship between the vegetation and the EASM identified for the period of 1982-2006 may change should significant changes in the EASM circulation occur in the future. In this study, we explore the role of May vegetation greenness on the southeastern TP for the prediction of mean EASM strength, and how the vegetation (and also other land surface parameters) can improve the prediction of seasonal march of the EASM needs further investigation in the future.
Conclusions
[23] The EASM has complex space and time structures, therefore, its predictability and prediction have been a great challenge during the past years [e.g., Kang et al., 2002; Huang et al., 2003; Wang and Li, 2004; Ding and Chan, 2005; Wu et al., 2009] . Most of previous research work linked the EASM to anomalous SST. In particular, it is generally recognized that the EASM is intimately associated with the ENSO variation. However, the land surface, another slowly varying climate component, is less well understood or applied toward the EASM prediction. In this study, we investigated the role of spring vegetation in East Asia for the EASM prediction using satellite-sensed NDVI and an inverse Wang-Fan EASM index [Wang and Fan, 1999; Wang et al., 2008b] for the period of . Results show that May NDVI on the southeastern TP is highly correlated with the EASMI, accounting for about half of the total variance of the EASMI. Increased vegetation greenness on the southeastern TP is followed by increased summer rainfall over the southeastern TP, East Asian summer subtropical frontal region and many areas of northern China, and decreased rainfall over western North Pacific summer monsoon region, and vice versa.
[24] We further discuss the possible physical mechanism explaining the close relationship between May vegetation greenness on the southeastern TP and the EASM system. The increased vegetation greenness on the southeastern TP tends to result in higher thermal effects both at the surface and in the troposphere. The thermal effects induced by increased vegetation greenness may subsequently intensify the South Asian high and enhance upper-level anticyclonic circulation, and also increase the southwesterlies over East Asian summer subtropical frontal region. Over the southeastern TP, East Asian summer subtropical frontal region and many areas of northern China, the thermal effects of vegetation greenness on the southeastern TP tends to enhance ascending motion, and strengthen convergence at the lower layers and divergence at the higher layers, resulting in increased summer rainfall. In contrast, opposite changes appear over the western North Pacific, i.e., strengthened descending motion, enhanced divergence at the lower level but enhanced convergence at the upper level, which cause decreased summer rainfall. Previous studies have demonstrated that the heating on the TP has a close linkage with East Asian summer rainfall [e.g., Hsu and Liu, 2003; Zhang et al., 2006; Bao et al., 2008; Wang et al., 2008a] . The pattern of precipitation response to the TP heating largely agrees with our result. The agreement lends support to our finding. Meanwhile, it should be noted that the mechanisms causing the EASM variation and variability can be quite complicated, particularly involving complex oceanland-atmosphere interactions. Lagged relationships are widely used to infer, but cannot guarantee, the cause and effect of land-atmosphere interaction (and also ocean-atmosphere interaction). The oceanic processes and the snow may influence the relationship between May vegetation greenness on the southeastern TP and the EASM. Therefore, the physical mechanism we propose clearly need to be further tested using more detailed and higher quality data set, and high-resolution model simulations.
[25] This study demonstrates that May NDVI on the southeastern TP is closely associated with the EASMI, suggesting that it can be a useful predictor for the EASM. An empirical model is further established to predict the EASM by the combination of ENSO and May NDVI on the southeastern TP. Hindcast for the period of shows that ENSO and May NDVI on the southeastern TP together can account for 58% of the observed EASMI variance. However, if May NDVI on the southeastern TP is excluded from the empirical prediction model, the explained variance is reduced to 33%, indicating that May NDVI on the southeastern TP makes an important contribution to the improved prediction skill. Application of May NDVI on the southeastern TP in practical forecast of the EASM should be recommended, since the NDVI can be easily monitored in advance.
